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SUMMARY
Measurements of the spatio-temporal variations of Earth’s gravity field from the Gravity
Recovery and Climate Experiment (GRACE) mission have led to new insights into large
spatial mass redistribution at secular, seasonal and subseasonal timescales. GRACE solutions
from various processing centres, while adopting different processing strategies, result in rather
coherent estimates. However, these solutions also exhibit random as well as systematic errors,
with specific spatial patterns in the latter.
In order to dampen the noise and enhance the geophysical signals in the GRACE data,
we propose an approach based on a data-driven spatio-temporal filter, namely the Multi-
channel Singular Spectrum Analysis (M-SSA). M-SSA is a data-adaptive, multivariate, and
non-parametric method that simultaneously exploits the spatial and temporal correlations of
geophysical fields to extract common modes of variability.
We perform an M-SSA analysis on 13 yr of GRACE spherical harmonics solutions from
five different processing centres in a simultaneous setup. We show that the method allows us
to extract common modes of variability between solutions, while removing solution-specific
spatio-temporal errors that arise from the processing strategies. In particular, the method
efficiently filters out the spurious north–south stripes, which are caused in all likelihood by
aliasing, due to the imperfect geophysical correction models and low-frequency noise in
measurements.
Comparison of the M-SSA GRACE solution with mass concentration (mascons) solutions
shows that, while the former remains noisier, it does retrieve geophysical signals masked by
the mascons regularization procedure.
Key words: Satellite gravity; Time variable gravity; Time-series analysis.
1 INTRODUCTION
The Gravity Recovery and Climate Experiment (GRACE) satellite mission has provided precise measurements of the spatio-temporal
variations of the Earth gravity field from 2002 to 2017. These variations represent changes in mass primarily due to megathrust earthquakes,
atmospheric, oceanic and continental water mass redistribution from monthly to decadal timescales, once well-modelled processes such as
tides and glacial isostatic adjustment are accounted for (Tapley et al. 2004).
The GRACE mission has been used in many hydrological and geophysical studies over the past two decades. GRACE has, for example,
provided new insights into total water storage variations (Ramillien et al. 2008; Cazenave & Chen 2010), regional hydrological balance
(Landerer et al. 2010), ice mass balance (Velicogna & Wahr 2013), ocean water distribution (Chambers & Bonin 2012), earthquake-produced
gravity signals (Chen et al. 2007b; Panet et al. 2007) and polar wander (Adhikari & Ivins 2016).
Although GRACE-based gravity maps have led to scientific advances in many geoscientific applications, they remain affected by errors
in the raw observations and their processing that limit their precision (Kusche 2007; Flechtner et al. 2016). In particular, GRACE data
are affected by both systematic and random noise. North–south stripes linked to the quasi-polar orbit of GRACE satellites are the most
conspicuous spurious signal in the gravity maps. Indeed, since GRACE solutions are monthly averaged, they are affected by aliasing errors
in tidal and non-tidal model corrections with periods ranging from hours to days (Han et al. 2004; Thompson et al. 2004; Seo et al. 2008).
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The geophysical signals in GRACE data are spatially and temporally correlated while these north–south spurious stripes present small-scale
spatial correlation but no temporal correlation.
One way to reduce this noise in the monthly solutions is to regularize the spherical harmonics coefficients (SHs) that represent the
GRACE Earth gravity field (Lemoine et al. 2007, 2013; Watkins et al. 2015). However, since the regularization scheme depends on the
applications and needed spatial resolution (Kusche 2007; Kusche et al. 2009), the processing centres usually provide unconstrained solutions
requiring post-processing. Post-processing methods include, for example, an isotropic Gaussian filter (Jekeli 1981; Schrama et al. 2007),
a degree- and order-dependent filter (Swenson & Wahr 2002; Guo et al. 2010), a time-dynamic filter (Seo et al. 2006) or decorrelation
(Swenson & Wahr 2006; Kusche 2007; Kusche et al. 2009). This two-step approach, though, causes spatial leakage errors induced by the SH
truncation, as well as by the post-processing filters applied to the data (Chen et al. 2007a; Landerer & Swenson 2012). Aliasing and leakage
errors remain an important issue in using GRACE data, as they imply selecting the appropriate filter to keep a good spatial resolution while
removing as much of the errors as possible in the solution.
A large effort has been made recently to develop methods limiting both leakage and aliasing effects in GRACE-based maps. One
possibility to reduce noise in the GRACE data is to take the mean of the solutions obtained by different processing centres (Werth et al. 2009;
Sakumura et al. 2014). Another more recent possibility is the use of mascon (mass concentration) solutions that reduce the leakage from land
to ocean by applying geophysical constraints during the processing (Luthcke et al. 2013; Watkins et al. 2015; Save et al. 2016). However,
mascon solutions use a priori information on the spatio-temporal pattern of these geophysical constraints that damp unexpected signals.
Alternatively, the task of isolating spatially and temporally correlated geophysical signals from random errors in geodetic time-series
can be approached by applying a data-adaptive, multivariate and non-parametric method available due to recent developments in statistical
signal-processing techniques. For instance, Multichannel Singular Spectrum Analysis (M-SSA: Ghil et al. 2002; Walwer et al. 2016) is
well suited to extract common modes of spatio-temporal variability from geophysical time-series without a priori knowledge on the signals
of interest or on the noise present in the time-series. Other component analysis methods, like principal component analysis (PCA) and
independent component analysis (ICA) were used on GRACE data (Frappart et al. 2010; Forootan et al. 2012; Seoane et al. 2013). Contrary
to them, M-SSA uses lag copies of the time-series which allows for the detection of temporal correlations in delayed signals. It also uses more
components in the decomposition which allows for more flexibility in the different modes, especially for periodic signal represented by pair
of components. M-SSA has previously been used to analyse GRACE time-series and proven to efficiently separate the oscillatory components
with variable amplitude at annual and semi-annual periods from other signals (Rangelova et al. 2012). Contrary to previous work, in which
M-SSA was used on an individual GRACE solution, here we apply the methodology directly to GRACE SHs from several processing centres
to try to mitigate the effect of their individual errors.
In this paper, we combine GRACE solutions expressed in terms of SHs from five analysis centres and use M-SSA to isolate geophysical
signals and minimize processing errors. This combination allows to use a filter which damps small wavelengths less than the commonly used
filters. After describing in Section 2 the GRACE data used in this study, we introduce briefly the M-SSA method in Section 3 and describe the
procedure that we have used to clean up the GRACE data set and test it out on synthetic data set and hydrological model. In Section 4.1, we
then compare this M-SSA GRACE solution with published SHs and mascon solutions, and discuss advantages and drawbacks of this method.
Finally, in Sections 4.2 and 4.3, we assess the performance of this M-SSA GRACE solution by focusing on regional examples, namely the
Caspian and Aral seas, continental hydrological basins, subduction zones and the Lake Nasser area.
2 GRACE LEVEL - 2 SOLUTIONS
The GRACE satellite mission, launched in 2002 and decommissioned in 2017, has provided maps of the Earth’s gravity field with a spatial
resolution of a few hundred kilometres and a temporal resolution of 1 month (Bettadpur 2012; Watkins & Yuan 2012; Dahle et al. 2013;
Mayer-Gu¨rr et al. 2016) to 10 d (Tapley et al. 2004; Lemoine et al. 2013). Several processing centres have released constrained and/or
unconstrained solutions in terms of SHs (Wahr et al. 1998) and surface mass density grids usually expressed in equivalent water height
(EWH) with a given water density. Although processing strategies differ, solutions are consistent within ±50 mm EWH, but also exhibit both
systematic and random noise (Sakumura et al. 2014). The raw GRACE data are called Level-1, while the processed data are called Level-2.
In this study, we use monthly solutions expressed in SHs from five analysis centres for which specifications are given in Table 1; these
centres are listed below:
(1) CSR – the Centre for Space Research of the University of Texas;
(2) GFZ – the German Research Centre for Geosciences;
(3) GRAZ – the Institute of Geodesy of the University of Graz;
(4) JPL – NASA’s Jet Propulsion Laboratory and
(5) GRGS – the French Research Group for Spatial Geodesy.
Four of the gravity solutions in Table 1, namely (1)–(4), are unconstrained. We also use the regularized solution (5) but apply the same
post-processing filters to all five solutions for consistency. Note also that solution (5) is based on a de-aliasing approach different from that
of solutions (1)–(4), as described in Table 1.
The noise is huge in unconstrained solutions and our attempts to proceed directly, that is without pre-filtering these solutions, were
unsuccessful. We decided then to apply a filter to all the solutions. To filter and destripe the GRACE solutions used in this study, we adopt
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Table 1. GRACE data sets used in this study, with the truncation degree of the spherical
harmonics (SH) decomposition, the starting and ending dates of data availability for each
solution, and the dealiasing models used for the atmosphere and ocean masses. A0D1B is
the Atmosphere and Ocean De-aliasing Level-1B model developed by the GFZ (Flechtner
et al. 2013), TUGO is the Toulouse Unstructured Grid Ocean model (Lyard 2010), and ERA-
Interim is a reanalysis of the global atmosphere using a fixed version of the European Centre
for Medium-Range Weather Forecasts (ECMWF) atmospheric model and data assimilation
method, along with atmospheric observations that start in 1979 (Dee et al. 2011).
# Centre Version Max. deg. Start End Dealiasing
1 CSR RL05 90 04/2002 06/2017 AOD1B RL05
2 GFZ RL05a 90 04/2002 12/2016 AOD1B RL05
3 GRAZ ITSG2016 90 04/2002 12/2016 AOD1B RL05
4 JPL RL05 60 04/2002 06/2017 AOD1B RL05
5 GRGS RL03 80 08/2002 05/2016 ERA-Interim and TUGO
first the widely used DDK filter (Kusche 2007; Kusche et al. 2009). DDK is a non-isotropic decorrelation filter based on a regularization
of the normal equation; it uses a priori error covariance matrices derived from GRACE processing. The DDK filter offers several levels of
smoothing, with DDK1 being the strongest one, and DDK8 the weakest. As the smoothing intensity decreases, the geophysical signal is better
preserved but the errors become larger and manifest themselves mainly as north–south stripes.
For geophysical applications, the processing centres recommend an average of solutions from the official processing centres (CSR,
GFZ and JPL), to which the DDK5 spatial filter has been applied (Sakumura et al. 2014). This recommendation is meant to insure a good
compromise between signal retained and noise removed. Fig. 1(a) shows, as an example, the mean of GRACE mass anomaly DDK5-filtered
solutions from CSR, GFZ and JPL for the month of January 2006, relative to July 2005. Fig. 1(b) presents, for the same period, the mean
of the data provided by all five centres used in this study, filtered with the weaker DDK7 filter. Similar maps are given for each of the five
solutions used in this study in Fig. S1.
The variations recorded by the mean, DDK5-filtered GRACE solution over a 6-month interval exhibits north–south stripes characteristic
of the error pattern of the GRACE data. Also visible are larger scale geophysical signals that correspond to known large annual hydrological
variations, in the Amazon basin or Southeast Asia, for example. Maps of mean mass rates from January 2003 to December 2014 for the
official solution, based on the mean of the three official centres, are provided in Fig. S2.
In this study, in order to more accurately locate geophysical signals in the GRACE solutions, we apply the DDK7 filter, with a weaker
degree of filtering than DDK5, to all five Level-2 GRACE solutions.
3 METHODOLOGY AND RESULTS
3.1 Multichannel singular spectrum analysis (M-SSA)
Starting from GRACE Level-2 solutions, post-processed with the DDK7 filter, we developed a methodology that is as objective as possible—
that is, that makes use of the smallest amount of a priori information—to preserve geophysical signals while removing the spurious random and
processing noise. As the GRACE data set exhibits correlations in both time and space, we adopt a data-adaptive method that simultaneously
exploits these correlations, namely the M-SSA (Vautard & Ghil 1989; Ghil & Vautard 1991; Vautard et al. 1992; Ghil et al. 2002; Alessio
2016, ch. 12). The Singular Spectrum is the spectrum of singular values, which equal the square roots of the eigenvalues of a covariance
matrix, and are obtained by singular-value decomposition of the matrix. The term Multichannel or, alternatively, Multivariate refers to the
simultaneous use of several time-series.
We present here the general M-SSA methodology which will be applied twice hereafter, first on an ensemble of time-series consisting
of the coefficients from the five centres for a given spherical harmonic (see Section 3.2), and second on the EWH time-series at seven given
points (see Section 3.3).
M-SSA extracts from the data a set of empirical orthogonal functions (EOFs) representing the common spatio-temporal modes of
variability of the time-series being analysed (Ghil et al. 2002; Walwer et al. 2016,and references therein). The M-SSA and its advantages over
other usual methods like univariate SSA or PCA are well described by Walwer et al. (2016). The time-series one wants to study can then be
projected onto these EOFs, and thus provide a decomposition into components that correspond either to trends with variable slope, oscillations
or noise. Because the EOFs are directly deduced from the data, the M-SSA does not require a priori information on the spatio-temporal
characteristics of the time-series.
Let us take an ensemble of L time-series
{Xl (t) : l = 1, . . . , L; t = 1, . . . , N }, (1)
N being the number of data points in each. In the cases treated here, all the time-series need to have the same constant sampling interval t.
The main idea of M-SSA is to exploit the covariance information contained in series of M lagged copies of all the Xl(t)’s (Ghil et al.
2002; Walwer et al. 2016). The choice of the window length M must be made according to the data set to optimize the quantity of information
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Figure 1. Surface mass density anomaly solutions for January 2006, relative to July 2005, expressed in equivalent water height (EWH, in cm): (a) mean of
CSR, GFZ and JPL solutions derived from GRACE and filtered using the decorrelation filter DDK5 and (b) mean of CSR, GFZ, GRAZ, GRGS and JPL
solutions filtered with DDK7.
extracted, while maintaining satisfactory statistical confidence. On the one hand, increasing M allows to discriminate signals with larger
periods because the elementary extracted EOF have a length equal to M∗T. On the other hand, larger M leads to lower values for the ratio
N/M which implies lower statistical significance of the signals extracted with the M-SSA.
We start by constructing the matrix X˜l that includes M time-delayed copies of the original time-series Xl(t) as its columns:
X˜l =
⎛
⎜⎜⎜⎜⎜⎝
Xl(1) Xl (2) · · · Xl (M)
Xl (2) Xl (3) · · · Xl (M + 1)
. . · · · .
. . · · · .
Xl (N ′) Xl (N ′ + 1) · · · Xl (N )
⎞
⎟⎟⎟⎟⎟⎠
, (2)
where N
′ = N − M + 1. The covariance matrix Tl,l ′ between two time-series Xl(t) and Xl ′ (t) has an (M × M) size and is given by:
(Tl,l ′ ) j, j ′ = 1
N˜
min(N ,N+ j− j ′)∑
n=max(1,1+ j− j ′)
Xl (n)Xl ′ (n + j ′ − j), (3)
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with
N˜ = min(N , N + j − j ′) − max(1, 1 + j − j ′) + 1. (4)
These matrices are the blocks of a grand covariance matrix T˜ of size (L × M) × (L × M):
T˜ =
⎛
⎜⎜⎜⎜⎜⎜⎜⎝
T1,1 T1,2 . . . T1,L
T2,1 T2,2 . . . T2,L
. . . . . .
. . . Tl,l ′ . .
. . . . . .
TL ,1 TL ,2 . . . TL ,L
⎞
⎟⎟⎟⎟⎟⎟⎟⎠
. (5)
The eigenvalues λk and eigenvectors Ek diagonalize the matrix T˜, cf.
T˜Ek = λkEk . (6)
The eigenvectors Ek are called spatio-temporal EOFs (ST-EOFs) and are concatenations of L segments Ekl of length M. The projection of the
rows of the matrix X˜ = (X˜1, X˜2, ..., X˜L ) onto the eigenvectors Ek gives the corresponding spatio-temporal principal components (ST-PCs)
Ak(t):
Ak(t) =
M∑
j=1
L∑
l=1
Xl (t + j − 1)Ekl ( j). (7)
The ST-PCs {Ak(t): k = 1, . . . , L × M} can be thought of as temporal modes of variability that are shared across the time-series being
analysed. The eigenvalues {λk} constitute the eigenspectrum; each of them equals the fraction of the variance of the entire data set that is
captured by the corresponding ST-PC. We shall also refer to the ST-PCs as simply PCs, for brevity.
Given the eigendecomposition above, one can partially reconstruct the time-series Xl(t) using the ST-PCs and ST-EOFs (Ghil & Vautard
1991; Vautard et al. 1992). The partially reconstructed signal Rkl (t) associated with the ST-EOF E
k and ST-PC Ak is given by:⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩
Rkl (t) = 1M
M∑
j=1
Ak(t − j + 1)Ekl (j) for M ≤ t ≤ N − M + 1,
Rkl (t) = 1T
t∑
j=1
Ak(t − j + 1)Ekl ( j) for 1 ≤ t ≤ M − 1,
Rkl (t) = 1N−t+1
M∑
j=t−N+M
Ak(t − j + 1)Ekl ( j) for N − M + 2 ≤ t ≤ N .
(8)
These partial reconstructions (RC) {Rkl } are filtered versions of the original time-series that contain only the spatio-temporal modes
selected. The original time-series can be reconstructed by summing the entire set of Rkl (t)’s:
Xl (t) =
L∗M∑
k=1
Rkl (t). (9)
Note that the ST-PCs Ak(t) have length N
′
, while the RCs Rkl (t) have full length N.
3.2 Step 1
We simultaneously apply M-SSA to the five time-series of each of the 8277 SH coefficients of DDK7-filtered GRACE Level-2 solutions from
the five processing centres described in Section 2, over the time interval August 2002–March 2016, that is, N = 164 months and L = 5. We
use a lag window of size M = 13 months in order to capture the annual signal that dominates the GRACE time-series. This first step of our
filtering procedure is somewhat related to the filtering in the time-domain of each SH proposed by Wouters & Schrama (2007) except that we
involve here the data from five processing centres and use then the M-SSA rather than a simple SSA.
Data gaps exist in the GRACE time-series and need to be filled prior to the M-SSA analysis. To do so, we used a data-adaptive gap-filling
algorithm based on single-channel singular spectrum analysis (SSA gap filling: Kondrashov et al. 2005; Kondrashov & Ghil 2006). First, we
linearly interpolate the n missing data {dk: 1 ≤ k ≤ n}, with n  N, in each SH coefficient time-series Xl(t) independently. Next, we perform
an SSA analysis iteratively until the χ 2,
χ 2 =
⎧⎪⎪⎨
⎪⎪⎩
n∑
k=1
(
d (p−1)k − d (p)k
)2
σ(p−1) · σp
⎫⎪⎪⎬
⎪⎪⎭
1/2
, (10)
between the reconstructed missing signal at iteration p, {d (l,p)k : 1 ≤ k ≤ n}, with associated least-square error σ (p, l), and its previous iteration
p − 1, satisfies χ 2 < 0.1. In the above equation we dropped the index l of the time-series being interpolated for simplicity.
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Figure 2. Normalized 65 leading eigenvalues from all 8277 M-SSA analyses performed on the spherical harmonics (SH) coefficients available in the GRACE
solutions from the five analysis centres in Table 1 (one spectrum per SH, i.e. one per M-SSA analyses). The blue line is placed after rank 8, the rank after which
the eigenvectors are not used in our reconstructions.
Fig. 2 shows the normalized 65 leading eigenvalues obtained from all the M-SSA analyses of the SH coefficient series from the five
GRACE analysis centres used in this work. One observes a rapid decrease in the normalized eigenvalues, with a low plateau starting roughly at
rank 8. The first 8 corresponding ST-EOFs capture, therefore, most of the variance of the original data set, while the other ST-EOFs represent
what we shall consider as noise in the data. These 8 leading ST-EOFs capture around 83 per cent of the total variance up to degree 20, around
60 per cent for degrees 21–40, and around 50 per cent for degrees 41–90.
Fig. 3 shows the RCs—arbitrarily combined based on similar temporal variation modes—obtained from the M-SSA spatio-temporal
decomposition of the time-series of SH coefficients C3.1 from the five processing centres; note that for this coefficient, some of the noise may
be due to its resonance with the Earth rotation. Here we use the standard notation Cl.m for SHs, with l the degree and m the order. The RCs of
other SH coefficients are given in Fig. S3.
In this particular case, the first 8 ST-PCs capture about 80 per cent of the total variance of the data set. Here RCs 1–8 in panels (a)–(c)
of Fig. 3 represent a long-term nonlinear trend (RCs 1+7), annual (RCs 2+3) and semi-annual (RCs 4–6+8) signals and they show a strong
correlation among all five GRACE solutions, but RC 9 in panel (d) does not. We discarded, therefore, this component from the analysis. In
panel (e), moreover, we notice that the reconstructed signal based on the first 8 ST-PCs is generally consistent among all five analysis centres,
but may sometimes differ for one of them, as seen during year 2003 or in late 2011–early 2012.
We similarly computed an M-SSA decomposition for each of the 8277 SH coefficients from the five GRACE processing centres, and
reconstructed a filtered signal by retaining RCs 1–8 only, considering that after the eighth component, noise becomes larger than the retrieved
geophysical signal. We finally average these five reconstructions, as shown by the black curve in Fig. 3(e). This procedure amounts to a ‘smart
mean’ that exploits the coherent signals from the five independent GRACE processing centres, while filtering out the noise (which of course
contributes to the signal variance)—without using a priori information or any hypothesis on the structure of the noise. Note that when a centre
doesn’t provide a SH coefficient, due to the difference in maximum degree, we apply our M-SSA analysis to all the available time-series for
this SH coefficient.
The resulting, filtered and averaged SH coefficients are then transformed to 1◦ x 1◦ gridded maps of EWH. Fig. 4(a) shows, as an
example, a map of the EWH for the month of January 2006, relative to July 2005. As can be seen in Fig. S4(b), adding more PC essentially
adds stripes (i.e. noise). The comparison with the widely used mean of the CSR, GFZ and JPL EWH solutions, after application of the DDK5
filter (Fig. 1a), shows that the intermediate M-SSA GRACE solution, obtained after this first step, in panel (a) here reduces considerably
the north–south stripes, while preserving the location and shape of geophysical signals. The amplitude ratio of the spherical harmonics
coefficients before and after filtering with the DDK7 filter and before and after applying the M-SSA on the SH are presented in Fig. S5. It can
be seen that the M-SSA reduces significantly the amplitude of large degree and particularly large order spherical harmonics (by a factor close
to 2). However, the effect of M-SSA is very different from that of a classical (Gaussian, DDK) spatial filter. M-SSA removes the erratic part
of the time-dependent signal but not the coherent part.
3.3 Step 2
To further improve the intermediate M-SSA GRACE solution described in the previous section, while keeping 8 modes of the M-SSA filtered
spherical harmonics coefficients, and to reduce the residual spatial noise, we now apply the M-SSA method to the time-series of EWH gridded
maps based on the M-SSA–derived SHs, such as the one in Fig. 4(a). To do so, we apply M-SSA to the EWH time-series at each point of the
1◦ × 1◦ grid, simultaneously with EWH time-series at six neighbouring points that are located at the same latitude and spaced 2◦ apart, see
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Figure 3. Multichannel singular spectrum analysis (M-SSA) decomposition of GRACE SH C3.1. The source of the Level-2 data is shown by colours:
CSR (blue), GFZ (red), GRAZ (yellow), CNES/GRGS (purple) and JPL (green). The first 3 panels, (a)–(c), show a visually made combinations of partial
reconstructions (RCs) of similar nature for each processing centre. These RC combinations correspond to (a) long-term trend, along with (b) annual and (c)
semi-annual signals that are all three coherent between processing centres, while the 9th RC in panel (d) shows discrepancies between centres; the latter are
most likely due to differences in processing strategies. The bottom panel (e) shows the signal reconstructions using the first 8 RCs for each of the five GRACE
solutions, as well as their mean (black).
Fig. 5(f). The choice of the localization and of the number of points is linked to the shape and width of the north–south stripes, and it takes
into account the rapid increase in computing time as the number of time-series considered increases.
The final GRACE M-SSA solution is given by the RCs of the EWH decomposition, where we retain the eight leading components
that allow us to reconstruct the dominant part of the signal, while reducing the noise. Fig. 5 shows the M-SSA decomposition of the EWH
time-series at latitude 41◦N and longitude 51◦E, in the Caspian Sea. Similar times-series are given at other grid points (in Albania and Brasil)
in Fig. S6. For the point in Fig. 5, by applying M-SSA to the EWH time-series, we retrieve (a) a long-term variation, (b) a strong annual mode,
(c) a long-term oscillating mode and (d) a semi-annual mode. All four components are statistically robust, that is statistically significant and
encompass a window length from a few months to a decade. Therefore, they are likely to be geophysical signals.
Fig. 4(b) shows the final M-SSA solution of GRACE mass anomaly for the month of January 2006 relative to July 2005 and Fig. 6
shows the mean rate of mass variations form January 2003 to December 2014. North–south stripes have been efficiently reduced and coherent
signals are preserved in terms of location and shape in regions in which a geophysical signal is expected—whether due, for instance, to
post-seismic deformation or to surface loading. For example, in terms of continental hydrology, the signal in the M-SSA solution of Fig. 4(b)
is more compact in the Amazon basin and in West and South Africa than in the standard SH solution of Fig. 1(a). The amplitude ratio of the
signal before and after step 2 is provided in Fig. S5. Here again, we emphasize the fact that M-SSA only reduces the temporally incoherent
part of the signal as will be shown in the next section.
3.4 Synthetic tests
In order to evaluate the methodology used here to retrieve the physical signal from GRACE, we ran two kinds of tests:
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Figure 4. Surface mass density anomalies solutions for January 2006 relative to July 2005, expressed in equivalent water height (EWH, in cm). (a) the
intermediate M-SSA GRACE solution after step 1 obtained from the mean of all five processing centres’ signals filtered with DDK7 and reconstructed from
the leading 8 RCs of the M-SSA applied to SHs and (b) the final M-SSA GRACE solution.
3.4.1 A test on north–south stripes
With this first test, we seek to determine how the M-SSA method erases or preserves north–south stripes depending upon their temporal
modulation. Because spurious NS stripes in GRACE data are caused by dealiasing errors in model predictions and accelerometer noise, they
are expected to appear at random times in a given area. On the opposite, an actual geophysical signal that would also have a spatial pattern
elongated in a NS direction would have common temporal variation modes with the surrounding areas at the GRACE data spatial scale.
Because of the very different temporal characteristics of noise and signal, the M-SSA should be able to remove a NS stripe that appears at
random times but preserve a NS stripe that corresponds to an actual geophysical signal.
We tested this by adding a NS stripe in South America to our final solutions, which consist of one realization per month from 2002 to
2016, with two temporal patterns represented schematically at the top of Fig. 7. In the first case, the NS stripe is introduced into one of the
months only (Fig. 7b). This is meant to simulate a spurious NS stripe that one seeks to filter out. In a second case, the NS stripe is modulated in
amplitude through time with an annual period across the 162 realizations. This is meant to simulate a geophysical signal of interest elongated
in the NS direction. The maximum amplitude of the stripe is 10 cm EWH in both cases, as shown in Fig. 7(a).
As shown on Fig. 7, the M-SSA method effectively removes the spurious NS stripe (Fig. 7b) but preserves the simulated annual
geophysical signal (Fig. 7c). This is due to the fact that the annual mode of variability introduced is one of the leading ones in the actual
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Figure 5. (a)–(e): M-SSA–based spatio-temporal decomposition of GRACE data–derived surface mass density anomalies time-series at latitude 41◦N and
longitude 51◦E, in the Caspian Sea. The first 4 panels show a single RC, in panel (a), or a sum thereof, in panels (b)–(d). Panel (e) shows the time-series prior
to the final M-SSA (blue) and the signal reconstructed using the leading 8 RCs of the gridded EWH values (red). (f) Surface mass density anomalies around
the Caspian Sea for January 2006 relative to July 2005, expressed in s(EWH, in cm) from the intermediate M-SSA GRACE solution after step 1 obtained from
the mean of all 5 processing centres’ signals reconstructed from the leading 8 RCs of the M-SSA applied to SHs. In black, the points of the seven time-series
used in the M-SSA spatio-temporal decomposition presented in panels (a–e) for computing the time-serie for the central point.
Figure 6. Mean rate of surface mass density variations from January 2003 to December 2014 expressed in equivalent water height (EWH) per year, given in
cm(yr)−1, for the final M-SSA GRACE solution.
geophysical signal that surrounds the NS stripe. It is therefore preserved by the M-SSA, while the one-time stripe, which is not correlated in
time with its surroundings, is removed.
This simple test shows that the M-SSA can efficiently eliminate spurious stripes while preserving geophysical signals whose temporal
patterns are present in the surroundings. However, if erratic local peaks were present in the hydrological signal, they would also be suppressed
by the M-SSA procedure.
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Figure 7. Surface mass density anomalies solutions for March 2006, expressed in equivalent water height (EWH, in cm). (a) The M-SSA GRACE solution in
South America with a north–south stripe of 10 cm amplitude (shown by the black arrow); (b) the solution obtained using the M-SSA on a signal with one-time
stripe inserted in March 2006; and (c) the solution obtained using the M-SSA on a signal with a stripe modulated in amplitude through time with an annual
period. The time modulation of the stripe is indicated on top of the figure.
3.4.2 A test on the GLDAS model data
With this second test, we seek to determine whether the M-SSA method preserves the actual spatial and temporal modulations of the global
hydrological signal. To do so, we use version 2.1 of the Global Land Data Assimilation System (GLDAS), which is based on land surface
modelling and data assimilation (Rodell et al. 2004; Beaudoing & Rodell 2016). We expect such a model to contain the same space- and
time-dependent features as the actual hydrological signal we seek to retrieve from GRACE, without being affected by erratic NS stripes of
course.
We build the input signal by adding the monthly 1◦ × 1◦ GLDAS grids for terrestrial water storage corresponding to snow, canopy and
soil water between the surface and 2 m depth (Fig. 8a, GLDAS model data from https://giovanni.gsfc.nasa.gov/giovanni/#service=TmAvM
p&starttime=&endtime=&dataKeyword=GLDAS NOAH10 M). We then apply to the resulting grids (1) the DDK7 filter only and (2) the
second step of the M-SSA method from August 2002 to March 2016. As described above the M-SSA method uses the DDK7-filtered signal
as starting point. Fig. 8 shows the result in terms of the EWH difference between the months of January 2006 and July 2005.
The DDK7-filtered solution, displayed in Fig. 8(b), simply smoothes the input signal. A small amplitude spurious signal elongated
mainly in the north–south direction is visible in the oceans: this is an expected consequence of the filtering of a high amplitude spot on a
continent by a decorrelating filter (see fig. 4 of Swenson & Wahr 2006). The general shape and amplitude of the original signal are otherwise
well preserved.
The M-SSA solution, displayed in Fig. 8(c), is very similar to the DDK7-filtered one of Fig. 8(b). Indeed, the 8 leading ST-PCs of the
M-SSA used here retrieve more than 98 per cent of the input signal. Therefore, in the likely hypothesis that the actual hydrological signal
has the same spatial and temporal characteristics as the GLDAS model data, it is appropriate to apply the M-SSA procedure to retrieve
hydrological signals from GRACE data.
The amplitude ratio of the spherical harmonics coefficients from GLDAS data before and after filtering with the DDK7 filter and before
and after applying the M-SSA on the grid are presented in Fig. S7. It can be seen that while the DDK7 filter reduces significantly the amplitude
of the small wavelength (large degree) signal, the MSSA itself keeps most of the remaining signal (more than 96 per cent).
We also compare in Fig. S8 the EWH time-series at six locations where the hydrological signal is important, one in North America,
one in South America, two in Europe, one in Asia, and one in Africa. We observe that the eight leading components used for the M-SSA
reconstructions allow for an accurate reproduction of the input GLDAS signal, except for a few sharp peaks that mostly appear at the Colorado
location (Fig. S8a). There, the M-SSA reconstruction reproduces well the 2012 drought but misses spikes present in the GLDAS input signal
in 2009 and 2015, for instance. This may result from the fact that the M-SSA method, by construction, removes information that is not
correlated in time and space. When we add a few more RCs, the sharp peaks are still poorly reproduced as shown in Fig. S8(a).
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Figure 8. Total water storage from GLDAS data for January 2006 relative to July 2005, expressed in equivalent water height (EWH, in cm): (a) before any
filter; (b) after the DDK7 filter (c) after M-SSA on the data filtered with DDK7. The black dots are the points for which we plotted the time-series before and
after M-SSA in Fig. S8.
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The other locations displayed on Fig. S8 show a very good agreement between the input GLDAS model data and the M-SSA recon-
structions. This is expected for the quasi-sinusoidal time-series at a location in Brazil (Fig. S8b) but also visible for more irregular ones. For
instance, the summer droughts of 2003 and 2015 in Europe are well-reproduced at a location in Germany (Fig. S8c). Also, the Danube basin
wet summers of 2005, 2010 and 2014, associated with elevated soil water content, are visible at a location near Budapest (Fig. S8d). We also
chose a coastal location in Thailand (Fig. S8f) in order to detect potential artefacts (i.e. leakage due to the interface between continental area
with hydrological signal and oceanic area without signal), but find that the input time-serie at that location is also well reproduced by the
M-SSA method.
4 D ISCUSS ION
4.1 Global comparison
4.1.1 Comparison with other SH solutions
Here, we compare, the M-SSA GRACE solution with two other SH solutions. The first one is the average of the solutions from the three official
GRACE processing centres (CSR, GFZ and JPL), where the DDK5 filter is applied (Sakumura et al. 2014). This solution, recommended by
the official centres and largely used, is plotted in Fig. 1(a). The second one is the mean of the five solutions used in this study, filtered with
the weaker DDK7 filter, which is the starting filter applied before implementing the M-SSA analysis described above.
Fig. S9 shows the differences between the mean of all five GRACE solutions, each filtered by DDK7 and the M-SSA solution in the left
panel, and between the mean of the DDK5-filtered solutions of the three official centres (CSR, JPL and GFZ) and the M-SSA solution in the
right-hand panel; once more, the plots are for the month of January 2006, relative to July 2005. Similar maps but for mass rate differences
between January 2003 and December 2014 are given in Fig. S10 and similar maps for difference with the five GRACE SH solutions are given
in Fig. S11.
These maps show that the M-SSA methodology, as used in this study, is efficient at removing north–south stripe artefacts from GRACE
SH solutions, whether compared to solutions filtered with DDK5 or DDK7. The M-SSA method allows one to start with the DDK7-filtered
solutions therefore producing a less smoothed geophysical signal than the one present after DDK5 filtering (Figs 1a and 4b).
The final M-SSA GRACE solution, as illustrated in Fig. 4(b), contains limited spurious noise and more localized signals than the
recommended 3-centre average of GRACE SH solutions in Fig. 1(a). Excellent localization is apparent, for example, in the Amazon basin,
in West and South Africa and around the Caspian Sea.
4.1.2 Comparison with mascon solutions
Mascons are mass concentration blocks, onto which GRACE ranging observations are fitted by an inversion procedure (Luthcke et al. 2013;
Watkins et al. 2015; Save et al. 2016). Mascon solutions allow for geophysical constraints to be implemented within the GRACE data
processing, contrary to the standard SH approach. A priori geophysical constraints help reduce GRACE Level-2 noise compared to the
standard post-processing by DDK filtering. Due to the use of these constraints, mascon solutions do not allow north–south stripes and exhibit
well-localized hydrological signals with no significant leakage effect, as seen, for instance, in Fig. 9(a) for the Amazon basin or the Greenland
ice mass loss.
In this comparison, we use a CSR solution plotted on a 0.5◦ × 0.5◦ EWH grid (Save et al. 2016), in which the a priori information was
derived from GRACE itself, using SH solutions. For instance, the inverse method used to build this mascon solution uses a regularization
procedure which tends to confine the solution over most of the oceans close to the zero imposed with respect to the a priori model.
Fig. 9 shows maps of the amplitude of mass anomalies for January 2006 relative to July 2005, first for the CSR mascon solution of
Save et al. (2016) and then for the difference between the CSR solution and the M-SSA GRACE solution with the ocean de-aliasing model
restored. The de-aliasing models from the different centres presented in Table 1 are averaged and added to the final M-SSA GRACE solution;
this corrected solution is illustrated in Fig. S12. Similar maps of mass anomalies are given for the JPL and Goddard mascon solutions in
Fig. S13 and the corresponding mass rates in Figs S14 and S15. Note that the huge differences around Greenland and West Antarctica are
due to the leakage over the ocean of the large mass variations associated with ice melting in the spherical harmonics solutions while, in the
mascons solutions, the inversion favors mass variations over the continents.
As expected, the difference between the CSR mascon and M-SSA solutions shows residual north–south stripes in the latter. In addition,
this difference also appears to include some geophysical signals, which we address in the following subsection by studying in greater detail
the regional maps for the Caspian and Aral Seas, along with those for recent mega-earthquakes. We also note that the differences between the
CSR mascon and M-SSA solutions are of the same order of magnitude as the differences between mascon solutions from different analysis
centres, as shown in Fig. S16.
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Figure 9. Surface mass density anomalies expressed in cm of equivalent water height (EWH) for January 2006 relative to July 2005: (a) CSR mascon solution
and (b) difference between CSR mascons and GRACE M-SSA mass anomalies.
4.2 Regional comparisons
4.2.1 Hydrological signals in the Caspian and Aral Seas regions
The massive water losses from the Caspian and Aral Seas are a major issue in terms of the region’s natural resources, and they have been
studied using independent ground-based and satellite data (Swenson & Wahr 2007; Chen et al. 2017). The Caspian Sea is losing water fast
and it can thus provide information about regional and global climate change, as well as about the coastal response pattern to water loss (Chen
et al. 2017; Kaplin & Selivanov 1995).
The spectacular shrinking of the Aral Sea since the 1960s is also an active research topic, as the original decline is due to the diversion
of water from the major rivers that feed it into the surrounding cotton fields. This process has induced significant changes of regional climate,
leading to great losses of fishery resources and wildlife, along with the development of salt and dust plumes that affect the life of millions of
people. There is, therefore, a need to accurately quantify the current water balance of the Aral Basin to evaluate the success of the restoration
projects (cf. Cre´taux et al. 2005; Micklin 2007; Gaybullaev et al. 2012; Shi & Wang 2015; Opp et al. 2017).
On the other hand, in Turkmenistan, some 22 km3yr-1 of water are diverted from the Amu-Daria river to irrigate the fields. In particular,
the 1300-km-long Karakum Canal (Zonn 2012) transports water over a long distance, with a termination some 50 km away from the Caspian
sea. In the irrigated parts of Turkmenistan, the soils get saturated with the water diverted from the Amu-Daria and become improper for
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agriculture in many areas (Esenov 2013). To overcome this problem, drainage canals carrying away the salted residual water first to the
SaryKamish lake then, since 2009, to the AltynAsyr lake have been dug. Between 2003 and 2007, 10 km3 of water diverted from the Amu
Daria river have contributed to the growth of the SaryKamish lake (http://hydroweb.theia-land.fr) but these 10 km3 represent only a small
fraction of the volume of water arriving to the lake as most of the water either evaporates or infiltrates in the soil (Pyagay 2012). Concerning
the AltynAsyr lake, according to the initial forecasts, 10 km3 yr–1 of water are expected to arrive each year in the lake. However, 35 per cent
should evaporate, 45 per cent infiltrate at least during the first decades and 20 per cent contribute to the lake growth (Pyagay 2012). Moreover,
most of the canals are unlined and the amount of seepage is not well constrained. Also many little lakes form along the newly dug collector
canals. The budget of the 22 km3 yr–1 of water diverted from the Amu Daria river is difficult to establish.
The use of gravimetric data can provide highly useful complementary information for the study of the global water transfers in the
Caspian-Aral-Turkmenistan area. In this subsection, we will simply examine the differences between the various GRACE solutions in this
area.
Fig. 10 shows the EWH mass rates from January 2003 to December 2014 in and around the Caspian Sea for the standard SH GRACE
solution, the M-SSA GRACE solution, and the CSR mascon one. Similar maps are given for the JPL and Goddard mascon solutions in
Fig. S17. The standard SH solution shows a significant mass loss in the Caspian Sea, highlighted by rectangle A in Fig. 10(a); this mass loss
is slightly more concentrated within the actual area of the sea itself in the mascon solution (cf. Fig. 10c). However, while a mass loss is also
observed in the Aral Sea (rectangle B in Fig. 10a) in the standard SH solution, it almost disappears in the CSR mascon solution of panel (c).
The GRACE M-SSA solution in Fig. 10(b), though, does capture this signal, with contours in both the Caspian and Aral Seas that are more
sharply focused than in the other solutions. The localized signal is consistent with other studies based, for example, on Moderate-Resolution
Imaging Spectroradiometer (Moradi et al. 2014) or on Advanced Very High Resolution Radiometer and Topex/Poseidon–Jason-1–Jason-2
data (Shi et al. 2014) that show a decrease of the volume—and slightly of the surface area—of the Caspian between 2002 and 2013 and a
diminution of almost 50 per cent in the surface area of the South Aral Sea during the same time interval.
In addition, a positive mass rate is observed in northern Turkmenistan, south of the Aral Sea, in the standard SH solution, as well as in
the M-SSA one, but not in the CSR mascon solutions (rectangle C in Fig. 10a). This mass increase is consistent with independent studies
(e.g. Saiko & Zonn 2000), showing that the construction of irrigation dams on the Amu Darya river, which feeds the Aral Sea, is responsible
for a significant increase in water storage within this highly cultivated area. This example of the Caspian Sea shows that the GRACE M-SSA
solution is able to preserve the shape of a regional hydrological signal as well as—and perhaps better than—other commonly used GRACE
solutions. Concerning the Caspian sea, all models are in close agreement once one considers the water budget over the broad rectangle
surrounding the Caspian sea (Fig. 10) and the trends differ by less than 2 per cent (see Table 2), that is by less than 0.7 km3 yr–1. In their
thorough study of the water budget of the Caspian sea, Chen et al. (2017) have shown that once leakage from continental water and steric
effects were appropriately accounted for, both spherical harmonic and mascon solutions could be reconciled with altimetric data. In this case,
the differences between models might be below the uncertainty in the aliasing correction associated with the poorly known water transfer in
the Altyn-Asyr lake situated some 150 km away from the Caspian sea but amounting to several (up to 10?) km3 yr–1. Uncertainties on the steric
effect may also affect the comparison with altimetry for shorter timescales. For the Aral Sea and Turkmenistan, the hydrological variations
occur over a more restricted area. Our study shows that the magnitude of the signal depends strongly upon the GRACE solution used. The
use of GRACE data to improve the budget of the water diverted from the Amu Daria, is still very dependent upon the GRACE model used
and this example clearly illustrates the need for improvement of GRACE resolution in order to capture water variations at a 500 km scale.
4.2.2 Continental mass balance
In order to further quantify the variability of continental water mass balance estimates from various GRACE solutions, we focused on four
areas that exhibit a large hydrological or glacial signal and for which the M-SSA solution presents differences in trend. The time-series for
these four areas from several GRACE analysis centres are presented in Fig. S18. The seasonal variations are similar for all the analysis centres
but we can see a difference in trend between the solutions based on SHs and the ones based on mascons.
We calculated the percentage of difference % in the trends trsol, from January 2003 to December 2014, between four published solutions
and the M-SSA one, for these 4 areas and the 3 from subsection 4.2.1 using:
% = trsol − trMSSA
trMSSA
∗ 100. (11)
These percentages are presented in Table 2. In most of the cases, EWH absolute value of the trends in the M-SSA solution are larger than
those from the mascon ones, with the largest difference observed for the CSR-mascon solution. We also note that these differences are larger
in areas where a large part of the signal is due to human activity, such as northern India or northern Turkmenistan, where the loss of mass is
due to agriculture (Saiko & Zonn 2000; Rodell et al. 2009) and therefore not shown in most hydrological models. As the true values of these
trends are not available, it is difficult to conclude on which solution is the best. However, there are large discrepancies between M-SSA and
mascon solutions which can be due to the regularization used for the mascons solutions.
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Figure 10. (a)–(c): Surface mass density rates from January 2003 to December 2014 expressed in equivalent water height (EWH) per year (cm yr−1) for
the Caspian Sea and surrounding regions (where the dashed blue line is the Karakum Canal, the black star is the SaryKamish Lake and the red one the
AltynAsyr Lake): (a) The standard SH solution, i.e., the mean of the DDK5-filtered JPL, GFZ and CSR solutions; (b) the M-SSA final solution; and (c) the
CSR mascon solution. (d) Time-series of the mass anomalies averaged over each of the three areas for each solution. (A) Caspian Sea, (B) Aral Sea and (C)
North Turkmenistan; colors are shown in the panel’s legend.
Table 2. Percentage of difference % between the equivalent water height trend, from January 2003 to December 2014, based on the M-SSA solution and on
four published ones for 7 inland areas; see Fig. 10 and Fig. S18.
Solution
Aral Sea
(per cent)
California
(per cent)
Caspian Sea
(per cent) Chile (per cent) India (per cent)
Tian Shan
(per cent)
North
Turkmenistan
(per cent)
Mean SH −14 12 −1 5 9 4 −32
Mascons CSR −21 −23 −2 −17 −25 −31 −138
Mascons JPL −7 6 6 2 11 21 −95
Mascons GSFC −40 −12 4 4 −12 0.2 −43
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Figure 11. Surface mass density anomalies time-series, expressed as equivalent water height (EWH in cm), for the M-SSA, CSR mascon and mean SH-DDK5
GRACE solutions at the location of six recent major earthquakes. Their epicentres are indicated by open stars on the centre map, which also shows the January
2003–December 2014 EWH trend from the final M-SSA solution (in cm yr−1). Note that the coseismic signals manifest themselves as jumps seen as positive
or negative rates in the trend map.
4.2.3 Co- and post-seismic gravity oceanic signals
An application of GRACE data has been the quantification of co- and post-seismic gravity signals. This information complements displacement
data from GNSS or InSAR measurements, for instance (e.g. Panet et al. 2007; Chen et al. 2007b; Han et al. 2010).
Here we compare the M-SSA solution with others before and after six recent major earthquakes: (1) the Mw 8.0, 2009, Samoa outer-rise
earthquake; (2) the Mw 8.8, 2010, Maule subduction earthquake off the Chilean coast; (3-4) the Mw 8.3, 2006 and Mw 8.1, 2007, Kuril Island
subduction earthquakes and (5-6) the Mw 9, 2004, Sumatra and Mw 8.4, 2007, Bengkulu subduction earthquakes off the Sumatra shore; see
Fig. 11 and Fig. S19.
The co- and post-seismic signals caused by these large events concern both the continental and oceanic areas that surround their
epicentres. As mascon solutions, due to the employment of regularization strategies, tend to hamper the signal over the oceans (Fig. 9a), one
does not expect them to be particularly reliable for the study of such events, for which they were not designed. Indeed, the CSR mascon
solution in Fig. 11 shows no significant co- or post-seismic signal in any of the four regions, while the SH-based GRACE solutions show
a clear coseismic offset, followed by an accelerated gravity change that is associated, in all likelihood, with the post-seismic deformation
observed by GNSS.
The weakly pre-filtered, DDK7-based M-SSA solution also shows larger co- and post-seismic signals than the standard mean of the
more strongly pre-filtered, DDK5-based SH solutions. This difference is most likely due to the degree of the DDK filter used. We conclude
that the M-SSA solution preserves the co- and post-seismic signals in oceanic regions surrounding large subduction-related earthquakes as
the official mean DDK5 solution does. Because of the lighter DDK7 filtering allowed by the M-SSA methodology described above, it is likely
that the M-SSA solution better preserves the actual co- and post-seismic signals. A more thorough verification of this plausible conjecture
requires, though, a complete earthquake model, which is beyond the scope of this study.
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Figure 12. Localization map of the Nasser lake region.
Figure 13. Time-series of the water volume (in km3) averaged over the Nasser lake area from four sources: in black the altimetry data, in blue the GRACE
CSR mascon solution, in orange the usual GRACE spherical harmonics solution and in red the M-SSA GRACE solution.
4.3 A comparison of the hydrologic fluctuations deduced from GRACE and from altimetric data: the Nasser lake area
While the previous section is dedicated to an intercomparison of the gravity variations obtained after various treatments of the GRACE data,
the present section attempts an intercomparison with respect to altimetry. Lake Nasser (Fig. 12) with an area close to 5200 km2 is not one
of the largest lakes in the world. However, the time-series of water level deduced from altimetry are characterized not only by annual but
also by pluriannual variations reaching peak to crest values over 8 m corresponding to water volume variations over 40 km3 (Fig. 13). Lake
Nasser is situated in a desertic area where the hydrological perturbations in the surroundings are, as discussed below, relatively small so that
they should not perturb considerably the comparison of water volumes deduced from altimetry and from GRACE. We present below both
time-series between 2003 and 2013 (Fig. 13) deduced from altimetry and from various GRACE solutions and trend maps over the period
comprised between January 2008 and December 2011 (Fig. 14). These trend maps illustrate how the various GRACE solutions quantify the
water volume variation during one of the episodes of pluriannual variations of the Nasser lake water level.
The main source of hydrological fluctuations in the neighbourhood of lake Nasser is associated with the Toshka lakes (Fig. 12), west of
Nasser lake, which serve as a spillway for Nasser lake. Fortunately the level and volume of water within Toshka lakes has been thoroughly
quantified in a recent study (Chipman 2019) which indicates that the water volume of these lakes decreased by more than 20 km3 since 2002.
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Figure 14. Surface mass density rates from January 2008 to December 2011 expressed in equivalent water height (EWH) per year (in cm yr–1) for different
solutions. (a) simulation adding various filtered sources (see 4.3 for details). (b) M-SSA GRACE solution. (c) The usual GRACE spherical harmonics solution.
(d) The GRACE CSR mascon solution.
We will simply add in the area of Toshka lakes the volume of water proposed in Chipman (2019) to the water variations deduced from altimetry
for Nasser lake in order to compute the altimetry time-series in Fig. 13 and the trend plotted in Fig. 14(a). In order to compute the water volume
variations in Nasser lake, we use the relationship between water height and water volume proposed by Muala et al. (2014) (eq. 8) and based
on a careful analysis of Landsat images. The water height has been deduced from the Hydroweb site http://hydroweb.theia-land.fr/hydroweb
and is very close to that provided on the site https://ipad.fas.usda.gov/cropexplorer/global reservoir. The Merowe dam has been built south of
Nasser lake on the Nile and the reservoir, with a maximum capacity of 12.5 km3, has been empounded in 2009. The subsequent fluctuations
of water level within the lake are not known. We have added 12 km3 of water in the area of Merowe lake in our simulations of trends between
2008 and 2012 (Fig. 14a). We did not take it into account for the computation of the altimetry curve of Fig. 13 but Merowe lake is sufficiently
far away from Nasser lake so that it would induce limited aliasing (a 1.5 km3 shift occurring in 2009) in the rectangle around lake Nasser area
over which we average the water fluctuations.
West of the lake Nasser, there are several oases (see Fig. 12) which withdraw water stored more than 26 000 yr ago in the Nubian aquifer
(Aly et al. 1993). The total withdrawal of water is of the order of is 1 km3 yr–1 (Ebraheem et al. 2003). It is not known how the water gets
afterward redistributed within the huge Nubian aquifer but little recharge seems to come from the southward part of the aquifer (Sultan
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et al. 2013). However, the amount of water withdrawn is sufficiently small that it should not affect considerably our predicted trends over
2008–2011 (assuming for example that half of the 1 km3 yr–1 withdrawn water appears as an aliasing effect in the rectangle where we compute
the time-series of Fig. 13, it would only induce a perturbation in the trend of 0.5 km3 yr–1 versus the 7 km3 yr–1 observed. Estimated seepage
is rather limited for Nasser lake, less than 0.05 km3 yr–1 (Hamdan et al. 2015).
Fig. 13 compares the time-series in km3 yr–1 representing the water volume in the Nasser plus Toshka lakes [from altimetry and Chipman
(2019)] with the water volume variation in the rectangle drawn in Fig. 14 according to various GRACE models. The CSR-mascon GRACE
data set contains almost no pluriannual component while the mean of three centres (usual SH) and M-SSA GRACE data sets reproduce the
pluriannual fluctuations of the altimetry curve. To be more quantitative, the trend between January 2008 and December 2011 of the four
curves are –7.8, –7.2, –6 and –2.3 km3 yr–1 for, respectively, the altimetry, M-SSA, usual SH and mascon-CSR data sets. Note that the M-SSA
and mean solutions have roughly the same pluriannual behaviour but with a lot of noise remaining in the usual SH solution.
In Fig. 14(a), we represent spatially filtered water volume trends over 2008–2011 obtained from the addition of altimetric trend over lake
Nasser, volume variations over Toshka lakes from Chipman (2019) and with a 12 km3 water variation over Merowe lake. The spatial filter
corresponds to that represented in Fig. S7(c) and is rather close to a DDK7 filter. The resulting spatially filtered trend is plotted in Fig. 14(a).
It compares rather well in pattern and amplitude with Fig. 14(b) which depicts the trends for the M-SSA GRACE solution. The trend deduced
from the usual SH GRACE solution (Fig. 14c) also exhibits a well marked minimum over Nasser lake as well as a maximum over Merowe
lake. The elongated north–south negative stripe between longitudes 26◦ and 28◦ on Fig. 14(c) might be representative of spurious stripes
not filtered out in the usual-SH solution. In contrast with the M-SSA and usual mean GRACE data sets, the mascon trends exhibit either no
well localized minimum over Nasser lake (Figs 14d - CSR and S20a - JPL) or a weaker minimum (Fig S20b - GSFC) . The pluriannual
water fluctuations of lake Nasser are rather well tracked in the raw spherical harmonic solutions and in the M-SSA solution but are strongly
hampered in the mascon solutions.
5 CONCLUS ION
We described in this paper a new method for filtering GRACE EWH data with minimum constraints on the a priori spatial or temporal
evolution of the gravity signal. The method is based on Multichannel Singular Spectrum Analysis (M-SSA), which we used at two levels.
First, we used it to average the GRACE SH–based solutions from several analysis centres so that their common modes of variability were
preserved, while their differences were filtered out. Secondly, we took advantage of the spatial and temporal correlations of gravity changes to
design a simple M-SSA–based data-adaptive filter that efficiently removes the well-known residual north–south stripes present in all SH-based
GRACE solutions. Using M-SSA as a data-adaptive filter allows us to use the noisier DDK7 product as a starting point for the analysis, which
should help preserve the shape and magnitude of the actual geophysical signals as compared with the smoother, commonly used, DDK5
product.
We studied examples of large continental hydrological signals in and near the Caspian and Aral Seas to show that the SH-based M-SSA
method recovers EWH changes as good as, or better than, the standard—filtered and averaged—SH-based or more recent mascon-based
solutions. In this region of large recent EWH changes, the M-SSA solution shows signals that are more localized and of larger magnitude
than other solutions. For example, the M-SSA solution identifies an area of irrigation-related water mass increase in northern Turkmenistan
that was probably hampered by the noise of the standard SH solution and by the mascon solution’s regularization. We also showed that the
oceanic gravity signal due to large subduction-related earthquakes is well preserved by the M-SSA solution.
The M-SSA solution described here still requires spectrally filtered products from the analysis centres, but removes north–south residual
stripes more effectively than the standard mean of SH-based, DDK5-filtered solutions.
The M-SSA methodology introduced herein could be easily applied in operational routine to the forthcoming new releases of GRACE
data and future GRACE-FO data sets. The M-SSA solution remains somewhat noisier than the mascon solutions, but it is more accurate in
areas where the hydrological signal is not well known and certainly in oceanic areas. As a consequence, the M-SSA solution may also serve
as a guide for designing mascon regularization grids.
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Figure S1. Surface mass density anomalies solutions for January 2006 relative to July 2005, expressed in equivalent water height (EWH in
cm), derived from GRACE. (a) By CSR calculation centre and filtered with the decorrelation filter DDK5. (b) By GFZ calculation centre and
filtered with DDK5. (c) By GRAZ calculation centre and filtered with DDK5. (d) By CNES/GRGS calculation centre. (e) By JPL calculation
centre and filtered with DDK5.
Figure S2. Mean of JPL, GFZ and CSR surface mass density rates from 2003 to 2015 expressed in equivalent water height (EWH) per year
(in cm yr–1), derived from GRACE. (a) With the decorrelation filter DDK5. (b) With the decorrelation filter DDK7.
Figure S3. Multichannel singular spectrum analysis (M-SSA) step 1 decomposition of GRACE spherical harmonics. The first 4 panels show
one or a visually made combination of partial reconstructions (RCs) of similar nature for each processing centre: CSR (blue), GFZ (red),
yellow (GRAZ), CNES/GRGS (purple) and JPL (green). The bottom panel shows the signal reconstructions using the first 8 RCs for each of
the 5 GRACE solutions and the mean of the reconstructions (black). (a) S4.2. (b) S20.5. (c) S20.19. (d) C50.35.
Figure S4. Surface mass density anomalies solutions for January 2006 relative to July 2005, expressed in equivalent water height (EWH, in
cm). (a) the M-SSA GRACE step 1 solution obtained from the mean of all 5 processing centres’ signals filtered with DDK7 and reconstructed
from the leading 12 RCs of the M-SSA step 1; (b) the difference between the reconstructed signal with 12RCs and the one with 8RCs.
Figure S5. Standard deviation ratio of time dependent spherical harmonics Ylm(t) between (a) the mean of the five centres filtered with DDK7
and the mean of the raw ones; (b) MSSA filtered (step 1) and the mean of the DKK7 filtered ones; (c) MSSA (step 1) filtered and the mean
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of the raw ones; (d) MSSA (step 2) filtered and MSSA (step 1) filtered ones (in grey when var(Ylm(t)) <3×10−3); and (e) MSSA (step 2)
filtered and the mean of the raw ones.
Figure S6. Multichannel singular spectrum analysis (M-SSA) step 2 decomposition of surface mass density anomalies time-series derived
from GRACE. The first 3 or 4 panels show one or a visually made combinations of partial reconstructions (RCs) of similar nature. The bottom
panel shows the time-series prior to the final M-SSA (blue) and the signal reconstructed using the first 8 RCs (red). (a) At latitude 40◦N and
longitude 20◦ E. (b) At latitude 16◦S and longitude 48◦ W.
Figure S7. Standard deviation ratio of time dependent spherical harmonics coefficients Ylm(t) from GLDAS data between (a) the one filtered
with DDK7 and the raw ones; (b) the M-SSA filtered and the DKK7 filtered ones (in grey when var(Ylm(t)) <3×10−3); (c) the M-SSA filtered
and the raw ones.
Figure S8. Time-series of total water storage from GLDAS data before (blue) and after (red) the M-SSA with 8 RCs, and r the correlation
coefficient between these time-series. (a) In Colorado at latitude 40◦N and longitude 104◦W; (b) in Brazil at latitude 10◦S and longitude
55◦W; (c) in Germany at latitude 50◦N and longitude 10◦E; (d) in Hungary at latitude 47◦N and longitude 19◦ E; (e) in Nigeria at latitude
9◦N and longitude 6◦E; (f) in Thailand at latitude 15◦N and longitude 100◦E. In panel (a), the time serie after M-SSA but with 10RCs has
been added (green curve).
Figure S9. (a) Surface mass density anomalies difference for January 2006 relative to July 2005, expressed in equivalent water height (EWH
in cm), between the mean of the JPL, GFZ and CSR solutions, each filtered with DDK7, and the M-SSA solution obtained herein after M-SSA
step 2. (b) Same difference map as in panel (a) but the mean of the JPL, GFZ and CSR solutions is filtered with the stronger DDK5 filter.
Figure S10. (a) Surface mass density rates from 2003 to 2015 difference expressed in equivalent water height (EWH) per year (in cm yr–1),
between the mean of JPL, GFZ and CSR solutions filtered with the decorrelation filter DDK7 and the final M-SSA solution. (b) Same mass
rates difference but the mean of JPL, GFZ and CSR solutions is filtered with the decorrelation filter DDK5.
Figure S11. Surface mass density anomalies difference for January 2006 relative to July 2005 expressed in equivalent water height (EWH in
cm), between one of the used common solutions filtered with the decorrelation filter DDK7 and the M-SSA solution: (a) solution from CSR;
(b) solution from GFZ; (c) solution from GRAZ; (d) solution from GRGS and (e) solution from JPL.
Figure S12. M-SSA surface mass density anomalies solutions for January 2006 relative to July 2005, expressed in equivalent water height
(EWH in cm), after restoration of the ocean and atmospheric model over oceans (from AOD1B, ERA-Interim and TUGO) that is removed
during the processing of GRACE spherical harmonics data. We need to add them back to compare the M-SSA solution to mascons solution
that do not use this correction.
Figure S13. Mascons surface mass density anomalies solutions for January 2006 relative to July 2005, expressed in equivalent water height
(EWH in cm). (a) JPL mascons solution. (b) Goddard mascons solution. And surface mass density anomalies differences for January 2006
relative to July 2005, expressed in equivalent water height (in cm), between a mascons solution and the M-SSA solution. (c) JPL mascons.
(d) Goddard mascons
Figure S14. Mascon surface mass density rates from 2003 to 2015 expressed in equivalent water height (EWH) per year (in cm yr–1). (a) CSR
mascons. (b) JPL mascons. (c) Goddard mascons.
Figure S15. Surface mass density rates from 2003 to 2015 difference expressed in equivalent water height (EWH) per year (in cm yr–1)
between a mascons solution and the M-SSA solution. (a) CSR mascons. (b) JPL mascons. (c) Goddard mascons.
Figure S16. Mascons surface mass density anomalies differences for January 2006 relative to July 2005, expressed in equivalent water height
(EWH in cm) between the mascons solution from CSR and (a) the mascons solution from JPL (b) the mascons solution from GFSC.
Figure S17. Surface mass density rates from 2003 to 2015 expressed in equivalent water height (EWH) per year (in cm yr–1) in the Caspian
Sea and surrounding regions. (a) JPL mascons. (b) Goddard mascons.
Figure S18. Surface mass density rates from 2003 to 2015 expressed in equivalent water height (EWH) per year (in cm yr–1) of the M-SSA
solution and surface mass density anomalies in EWH time-series at four places on Earth represented by the boxes on the map.
Figure S19. Surface mass density rates from 2003 to 2015 expressed in equivalent water height (EWH) per year (in cm yr–1) of the M-SSA
solution and surface mass density anomalies in EWH time-series at four places on Earth represented by the stars on the map. Co- and
post-seismic signals linked to six major earthquakes can be seen on these time-series from M-SSA and usual spherical harmonics solutions.
In the contrary, times-series from the three mascons solutions don’t show any sign of seismic signal.
Figure S20. Surface mass density rates from January 2008 to December 2011 expressed in equivalent water height (EWH) per year (in
cm yr–1) for different solutions. (a) The GRACE JPL mascon solution. (b) The GRACE GSFC mascon solution.
Please note: Oxford University Press is not responsible for the content or functionality of any supporting materials supplied by the authors.
Any queries (other than missing material) should be directed to the corresponding author for the paper.
D
ow
nloaded from
 https://academ
ic.oup.com
/gji/article-abstract/219/3/2034/5571817 by guest on 22 O
ctober 2019
